Magnetic resonance elastography (MRE) is emerging as a new tool for studying viscoelastic changes in the brain resulting from functional processes. Here, we demonstrate a novel time series method to generate robust functional magnetic resonance elastography (fMRE) activation maps in response to a visual task with a flashing checkerboard stimulus. Using a single-shot spin-echo (SS-SE) pulse sequence, the underlying raw images inherently contain blood-oxygen-level dependent (BOLD) contrast, allowing simultaneous generation of functional magnetic resonance imaging (fMRI) activation maps from the magnitude and functional magnetic resonance elastography (fMRE) maps from the phase. This allows an accurate comparison of the spatially localized stiffness (fMRE) and BOLD (fMRI) changes within a single scan, eliminating confounds inherent in separately acquired scans.
| INTRODUCTION
Modern functional neuroimaging techniques have greatly advanced the field of neuroscience, with different modalities 2 targeting distinctive aspects of brain physiology, functional architecture, and dynamics. Specifically, functional magnetic 3 resonance imaging (fMRI) uses blood-oxygen-level dependent (BOLD) contrast [1] to study the underlying neurovas- 4 cular coupling, which links neuronal activity to an increase in local blood oxygenation. In this study, we introduce 5 a novel method for functional magnetic resonance elastography (fMRE) to observe a different coupling mechanism 6 -neuromechanical coupling, where neuronal activity is linked to an increase in local brain tissue stiffness. The novelty 7 in our approach comes from utilizing a time series acquisition, similar in concept to that employed in fMRI, where the 8 magnitude and phase information from the time series can be submitted to separate processing and analysis to arrive at 9 fMRI and fMRE activation maps, or statistical parametric maps (SPMs). Since our simultaneous fMRI-fMRE method is 10 both multi-modal and concurrent, it allows us to compare the spatially localized BOLD and stiffness changes within the 11 same scan, eliminating confounds inherent in separately acquired scans. 12 13 Brain tissues are viscoelastic (VE), and their shear modulus ("stiffness") properties can be measured via magnetic 14 resonance elastography (MRE), a noninvasive imaging technique that uses phase-contrast MRI to quantitatively assess 15 tissue mechanical properties [2, 3] . The technique involves three steps: (1) generating shear waves in the tissue of 16 interest; (2) imaging the wave propagation with MRI; (3) processing the shear wave images to generate quantitative 17 stiffness maps, also referred to as elastograms. A gradient-echo (GRE) or spin-echo (SE) MRI sequence is used with added 18 motion-encoding gradients (MEGs) that are switched in polarity and phase to match the tissue vibration frequency. This 19 causes any cyclic motion in the direction of the MEGs to yield a measurable phase shift in the MR signal. The phase 20 shift can be used to derive the tissue displacement at each voxel to generate images of the shear wave propagation. 21 These wave images are then processed with a reconstruction algorithm (either direct or iterative) that solves the inverse 22 problem of the wave equation to compute the complex shear modulus, G * = G + i G , where G is the shear storage 23 modulus and G is the shear loss modulus [4, 5] . The calculated complex shear modulus map is a quantification of 24 the tissue viscoelastic properties. In our study, the absolute value of the complex shear modulus is utilized, which 25 corresponds to the "stiffness" parameter perceived in palpation exams. These viscoelastic parameters are used by 26 physicians and researchers to assess tissue properties and to diagnose diseases in organs including the liver [6, 7, 8] , 27 kidney [9, 10] , breast [11, 12, 13] , skeletal muscle [14] , and brain [15, 16] . 28 Developments in the brain MRE techniques have mainly focused on deriving the shear stiffness of global brain 29 tissue and specific neuroanatomical regions (e.g., deep gray matter [17] ). An increasing number of studies have been 30 conducted to understand how brain stiffness changes as a function of healthy aging [18, 19] , gender differences [18, 19] , 31 and neurodegeneration (e.g., multiple sclerosis and Alzheimer's disease [20, 21, 22] ). In general, the brain softens with 32 age and neurodegeneration, with specific changes depending on the region, and occipital and temporal lobes are stiffer 33 in females than in males. 34 35 Recently, MRE has been applied to functional studies in the brain to explore whether there are mechanical changes in 36 localized regions modulated by cognitive processes in an attempt to uncover a new functional contrast mechanism in 37 the brain. The first human fMRE study used a serial sequence design to look at the correlation between the stiffness 38 and visual stimulus at different mechanical driving frequencies in 57 volunteers. They found a diffuse decrease in 39 viscoelastic response due to visual stimulation that is not localized to the visual cortex [23] . In the 2015 single-subject 40 studies, the stimuli were presented on minute-long time scales, with the human motor cortex decreasing in stiffness 41 with finger tapping [24] and the mouse sensory cortex increasing in stiffness with a 1-kHz auditory stimulus [25] . As the 42 authors described, the difference in the sign of the stiffness changes could be due to differences in habituation, imaging 43 vibration frequencies, cortical regions imaged, and influence of anesthesia. In 2017, these investigators introduced an 44 interleaved paradigm of 10-s experimental stimulus ON/OFF and a control OFF/OFF scan so that 4 elasticity maps, 45 one for each condition, were obtained for each subject [26] . They reported a regional stiffness increase of 14% when 46 averaged across 7 mice with hind-limb electric stimulation. In the most recent studies [27, 28, 29] , different interleaving stimulus frequencies were used in mice and human brains. The results still indicated a 10-20% increase in shear modulus, 48 and they observed an additional increase in stiffness when the visual stimulus was switched off. In these studies, the 49 statistical estimation of fMRE changes was performed by averaging across the subjects, since each ON or OFF condition 50 only resulted in a single elastogram. In our study, we used block trials, similar to [23] , and time series analysis in a single 51 scan to enhance the statistics on a single-subject basis.
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The time series method has been used in fMRI since its inception as a way to detect the small signal changes characteristic 54 of BOLD contrast. Treating fMRI data in a time series manner allows for the use of general linear model (GLM) analysis, 55 an efficient method to perform statistical analysis, the aim of which is to determine which voxels have a time course that 56 correlates with the applied pattern of stimulation or experimental manipulation. 57 In order to acquire a functional time series in a reasonable amount of time, a fast single-shot imaging sequence 58 with a short repetition time (TR) is used, such as a spiral or echo-planar imaging (EPI) acquisition. In addition to the 59 resulting GLM statistics that estimate the viscoelastic tissue activation changes, other parameters can be derived as 60 quality indicators from the time series, including temporal signal-to-noise ratio (tSNR), contrast-to-noise ratio (CNR), 61 percent signal change, average signal, standard deviation, and autocorrelation of the static spatial noise. In addition, we 62 introduce a dictionary matching approach [30] to characterize a heuristic model of fMRE dynamics. 63
| General Linear Model
64
In the general linear model (GLM) approach, the signal time-course of each voxel is modeled as a weighted sum of one 65 or more known predictor variables, also referred to as regressors, plus an error term. The GLM can be written in the 66 following matrix form:
where y is the time series signal associated with a single voxel, X is the design matrix in which each column is a 68 predictor variable, β is the parameter vector or regressor, and is the error vector in which each value is the error 69 associated with each observation/measurement [31] . For a simple task fMRI analysis, the regressor usually consists 70 of the block design convolved with a hemodynamic response function (HRF), e.g. [32] . The HRF represents the BOLD 71 response to a short (impulsive) stimulus. In this work, we introduce the analogous quantity in fMRE, the viscoelastic 72 response function (VRF) to characterize the stiffness changes resulting from a short cognitive stimulus. 73 The goal of the analysis is to describe the variability in the time series data in terms of experimental parameters, The functional scans were acquired using a block-design paradigm, alternating between a visual task (ON block) and 86 rest (OFF block). Each subject underwent 3 runs of functional task scans with block durations of 18 seconds (20 blocks), 87 24 seconds (16 blocks), and 36 seconds (10 blocks), in randomized order (Fig. 1a ). The ON or task block consists of a 88 contrast-reversing checkerboard visual stimulus flickering at 10 Hz; the OFF or rest block is a fixation cross ( Fig. 1b ). 89 Stimuli were presented using E-Prime software (Psychology Software Tools, Pittsburgh, PA, USA). The fMRI time series was generated by taking the magnitude of the T 2 -weighted raw spin-echo images (TR fMRI = 1 113 s; total of 360 or 384 time frames). The following preprocessing was conducted using FSL FEAT: motion correction 114 via MCFLIRT [36] , slice timing correction, brain extraction via BET [37] , and 0.01 Hz high-pass filtering. No spatial or 115 temporal smoothing was performed. 116 Analysis 117
| Data Processing and Analysis
The preprocessed T2-weighted fMRI time series was submitted to FILM GLM analysis. FILM prewhitening was con-118 ducted to account for temporal autocorrelation. The task regressor was a boxcar function, corresponding to the block 119 design stimulus, convolved with a double-gamma HRF [32] (Fig. 2a ). 120 F I G U R E 2 Schematic for the generation of fMRI and fMRE task regressors. (a) The fMRI task regressor is a boxcar function (corresponding to the task ON and OFF blocks) convolved with a canonical hemodynamic response function (HRF). (b & c) The fMRE task regressors for a first-order exponential decay model and gamma-variate model is a boxcar function convolved with an exponential viscoelastic response function (VRF) and a gamma-variate VRF, respectively. vector wave field was calculated using 3x3x3-element, central-difference, derivative kernels for each MRE time point. 126 Each MRE data set then contained curl wave images at each of 3 MRE phase offsets evenly spaced over 1 period 127 of the vibration and the temporal Fourier transform was used to isolate the wave information at the fundamental 128 frequency of vibration (often called the complex-valued "first-harmonic" wave field in the MRE literature). The first-129 harmonic wave images were further smoothed using a 5x5x3 quartic smoothing kernel. The filter is defined in 3D as Similar to the fMRI analysis reported above, the preprocessed fMRE time series was submitted to FILM GLM analysis. 150 To develop a corresponding regressor for VE processing in the brain, we introduce the viscoelastic response function 151 (VRF) and tested two models. The first model was inspired by Parker's microchannel flow model [38, 39] , which derives 152 tissue stiffness as a function of the vasculature, fluid network, and surrounding elastic matrix within the brain. Our first 153 VRF approximates the response model with a first-order exponential decay function with time constant τ (Fig. 2b) . Our 154 second VRF model is the gamma variate function, often used in previous fMRI analysis, with shape parameter α (Fig. 2c ). In pilot experiments using the magnitude data to generate BOLD activation maps as above, we observed that 176 the activation was reduced when the MEGs and passive pillow driver were turned on as needed for fMRE. To further 177 investigate the effects of these MRE elements on the tSNR of the magnitude time series (tSNR fMRI) , 3 healthy volunteers' 178 brains along with a phantom comprising a block of firm tofu (Vitasoy Inc., Ayer, MA, USA) were scanned with the 179 parameters described in section 2.3. Two conditions were tested: (1) MEGs on, driver on (as for normal fMRE), and 180 (2) MEGs off, driver off (as for normal spin-echo acquisitions). The region of interest (ROI) for the volunteers is the 181 visual cortex as determined by the fMRI activation for each subject. The ROI in the tofu was at the center as it was very 182 homogeneous.
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| RESULTS
184
Initially, we analyzed the data with a one-sample t-test, essentially using a boxcar, or square wave, function as the 185 regressor in a GLM analysis expecting rapid response [29] . However, the time series of the activated region of interest 186 (ROI) followed more of a sawtooth pattern (Fig. 3, gray dashed for each of the three block durations. The τ at which the peak of each curve occurs is the arg max of activation, τ * ; similarly the α at which the peak of each curve occurs is recorded as the α * . 6). The increase in tissue stiffness due to visual activation was 6-11%, much larger than the increase in BOLD signal of 204 Table 1 ). The average percent signal change is 7.57±1.31% (Cohen's d = 5.78) and 1.44±0.19% in the visual cortex, similar to the BOLD activation maps (Fig. 6) . By overlaying the two activation maps, it is seen that 207 the stiffness activation greatly colocalizes with the BOLD activation in the visual cortex. However, they are not exactly 208 the same; a voxel-wise scatter plot of the fMRE t-scores versus fMRI t-scores also revealed no obvious relationship 209 or trend (Supplementary Figure S1 ). While each point was considered activated in both fMRI and fMRE domains, the 210 highest BOLD t-score did not necessarily correspond to the highest viscoelastic t-score. This is an interesting finding 211 deserving further study beyond the scope of this paper. 212 The average stiffness and temporal signal-to-noise ratio (tSNR fMRE ) maps derived from a subject's fMRE time series 213 are shown in Fig. 7 . The average stiffness map depicts relatively uniform stiffness across the 12 brain slices, with a slight 214 decrease in stiffness within the edge slices due to edge or boundary limitations of the stiffness calculations. The stiffness 215 values are within the range of reported values in the literature [15] . However, the tSNRt fMRE maps are substantially 216 more nonuniform than the stiffness, with the visual cortex having significantly higher tSNR fMRE compared to other 217 regions such as the auditory cortex. This is the result of spatially heterogeneous noise in the VE reconstruction, which 218 could be caused by regional differences in the shear wave amplitude. both the brain and the tofu phantom are shown in Fig. 8 . Having both the MEGs and driver on (as during fMRE) results 221 in more noise and lower tSNR fMRI compared to having both turned off (as in during a conventional spin-echo sequence). firstly for robust activation maps on an individual basis, compared to previous methods that require the averaging over 228 several individuals for significance [29] . Secondly, it also allows an estimate of the temporal characteristics of the VE Even though previous studies have indicated that MR elastography in the cortex is susceptible to partial-volume 235 artifacts [40, 17] , the partial-volume effects remain constant between frames in this study. However, the smoothness of 236 the elastograms due to filtering could potentially affect the spatial localization of the fMRE activation. 237 The magnitude and phase of the time series of the experiments yield mostly separate information -the magnitude 238 information is indicative of T 2 -weighted BOLD signal changes, whereas the phase information is used to generate the 239 wave images and reconstruct the stiffness images. Because the MRE sequence used is a spin-echo EPI sequence, the 240 BOLD contrast is localized to microvasculature and sensitive to dynamic averaging effects from water diffusion, thus 241 more closely reflecting the venous microvascular changes in capillaries. Such acquisitions do not incur BOLD-related 242 phase changes when averaged on the voxel scale. To further verify this, we looked at the spectrum of the magnitude 243 and phase time series of an activated ROI versus a non-activated ROI (Fig. 9 ). As expected, the task frequency peak 244 (0.021 Hz) only appears in the magnitude time series of the activated voxel and does not affect the phase information. Supplementary Table S2 . This suggests that potential mechanisms for the observed neuromechanical coupling must 250 affect mainly the elastic and less so the viscous processes. However, this could also be due to the fact that G has a 251 proportionally larger variance compared to G due to its smaller magnitude. As shown in Supplementary Table 2 , the 252 storage modulus is much larger than the loss modulus in all subjects, meaning that the human brain is more elastic than 253 dissipative. 254 The focus of our study was to achieve robust fMRE activation statistics on an individual subject basis per experiment, 255 rather than to look for rapid mechanical changes that surpass BOLD frequencies as in [29] . The block durations we used 256 -18 s, 24 s, and 36 s -were chosen due to our fMRE TR of 12 s per volume. Therefore, we observed temporal dynamics 257 with first order time constants of 7 to 18 seconds and gamma-variate shape parameter of 6 to 11 seconds. At these 258 slow time scales, the task ON states are stiffer than the task OFF states, unlike in the fast temporal dynamics regime 259 as shown in Patz et al.'s study [29] . A potential explanation for the temporal increase in human brain stiffness while 260 conducting functional tasks in this slow regime is the "garden hose effect, " where the increased perfusion pressure could 261 stiffen the tissue, just as increased water pressure in a hose stiffens the flexible hose [41] . This is supported by the small 262 but present increase in the loss modulus during task, as shown in Supplementary Figure S2 . Another explanation for the 263 observed increase in viscosity with task is the Fåhraeus-Lindqvist effect, which describes how blood viscosity increases 264 with an increase in capillary radius. As reported by Hetzer et al., hypercapnia-induced vasodilation and perfusion yields 265 an increase in brain viscoelasticity (both stiffness and viscosity). Furthermore, cerebral blood flow (CBF) changes are correlated with viscosity changes but not stiffness changes [42] . 267 Considering fMRI and fMRE contrast mechanisms, BOLD response is the result of coupling between cerebral 268 blood flow (CBF), cerebral blood volume (CBV) and oxygen metabolism (CMRO2) [43] . The local deoxyhemoglobin 269 concentration, which determines BOLD contrast, decreases in response to an increase in cerebral blood flow (CBF), 270 but increases in response to an increase in venous blood volume (CBVv) or oxygen metabolism (CMRO2). Recent and blood flow response and a much slower venous blood volume response [44] . This increase in blood flow with a lag in 274 blood volume response can lead to an increase in perfusion pressure. Previous MRE studies have shown that an increase 275 in perfusion pressure can lead to an increase in effective stiffness of in vivo brain [17, 42] and liver [45] , whereas an 276 occlusion of the renal artery that leads to decreased perfusion can lead to decreased tissue stiffness in the kidney [45] . 277 Hence, in a way, the neuromechanical coupling effect we see may be tightly linked to the neurovascular coupling effect, 278 just observed with changes in mechanical properties rather than blood oxygenation levels. 279 The two MRE elements (MEGs, passive driver) added to a spin-echo sequence were found to both contribute to a 280 reduction in the tSNR of the magnitude time series (tSNR fMRI , Fig. 8 ), most likely because of added subtle head motion 281 or intravoxel phase dispersion from the shear wave motion [46] . Further study of this phenomenon is warranted. 282 Since the subjects of our study were healthy volunteers with minimal head motion (significantly less than the ). This could be due to the large amount of time series noise in the auditory cortex during MRE. Furthermore, the fMRI 293 activation itself was not very strong, perhaps due to the very loud motion encoding gradients from the background, 294 which decreases the contrast between the ON and OFF blocks of auditory stimulus. In our sensory-motor task, there 295 was also a passive motor task using plungers that move the fingers. Interestingly, weak fMRE activation was observed in 296 the cerebellum, where the tSNR fMRE is comparable to that in the primary visual cortex. Further work needs to be done 297 for robust detection of sensory-motor activation. 298 Another interesting direction for future study would be to combine this method with the interleaved paradigm 299 method, such that higher temporal dynamics of mechanical changes can be observed while also recording the BOLD sig-300 nal evolution. This could potentially lead to deeper understanding of the separate contributions of stiffness changes due 301 to functional tasks, e.g. nerve fibers swelling [47] , aquaporins transporting water [48] , and dendritic spines contracting 302 [49] in response to stimulation. 303 In this study, the exponential model time constant τ * s demonstrate a trend towards reduction with longer block 304 durations, although the variation is within standard deviation for the different block durations used in the visual task 305 paradigm ( Table 1 ). This trend suggested that the exponential VRF was not an optimal fit for the corpus of measurements, 306 and we sought a better model. It was found that the gamma-variate model with a single parameter value fit measured 307 activation results with less dependence on the block durations, which is therefore preferable. However, higher sampling 308 rates (shorter TR fMRE ) might lead to a more complex model than our gamma-variate VRF. Currently, our conclusions are limited to a visual task and a relatively small sample size; however, we hope these results 321 will stimulate further exploration of fMRE. 
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